Yield and quality improvement of bread wheat (Triticum aestivum) is a focus in efforts to meet new demands from population growth and changing human diets. As the complexity of the wheat genome is unravelled, determining how it is used to build the protein machinery of wheat plants is a key next step in explaining detailed aspects of wheat growth and development. The specific functions of wheat organs during vegetative development and the role of metabolism, protein degradation and remobilisation in driving grain production are the foundations of crop performance and have recently become accessible through studies of the wheat proteome. We present a large scale, publicly accessible proteome mapping of wheat consisting of 24 organ and developmental samples. Tissue specific sub-proteomes and ubiquitously expressed markers of the wheat proteome are identified, alongside hierarchical assessment of protein functional classes, their presence in different tissues and correlations between the abundance of functional classes of proteins. Gene-specific identifications and protein family relationships are accounted for in the organisation of the data and 202 new protein-coding transcripts identified by proteogenomic mapping. The interactive database will serve as a vehicle to build, refine and deposit confirmed targeted proteomic assays for wheat proteins and protein families to assess function (www.wheatproteome.org).
INTRODUCTION
Global wheat production continues to increase steadily, although the large year on year increases seen from 1960 through to 2000 in developing countries have slowed. Previous improvements in genetics based yield have come through increasing the proportion of crop biomass which is grain but this approach reaches a point of diminishing returns when the allocation of carbon to sink tissues has a negative impact on overall biomass (Fischer and Edmeades, 2010) . Projections based on our current rate of yield improvement suggest that we will achieve at best half of the 60% required by 2050 (Ray et al., 2013) . Improving the performance of Rubisco (Spreitzer and Salvucci, 2002) , the adaptation of cyanobacterial CO 2 concentrating mechanisms (Lin et al., 2014) , increasing the efficiency and/or reducing the rate of photorespiration (Walker et al., 2016) and the efficiency of grain filling through catabolic activity and deconstruction of flag leaves (Foulkes et al., 2011) all involve the rational design and adaptation of metabolic pathways; the success or failure of which hinges on the completeness of our understanding of cellular metabolism in wheat. The 2014 release of a draft assembly of the 17 Gbp, hexaploid Triticum aestivum genome (Mayer et al., 2014) represents a foundation on which such an understanding can be built, but in order realise this, additional resources which facilitate the collection and analysis of the post-transcriptional use of this genome are now required.
Protein identification and quantification by data dependent mass spectrometry has yielded 84% peptide coverage of protein-coding human genes in humans (Kim et al., 2014) , but only 50% in Arabidopsis (Baerenfaller et al., 2008) and 25% in Poplar, the model plant and tree, respectively. Creation of species specific proteomic maps through the multi-dimensional fractionation of a range of cell, tissue and organ types (Kim et al., 2014) has been essential for the interpretation of these data, but no such resource is yet available for T. aestivum. Further, validated selected reaction monitoring (SRM) assays such as SRM atlas (Deutsch et al., 2008) and the Peptide Atlas (Desiere, 2006) for the targeted quantitation of specific proteins of interest are available for a range of organisms but again, unavailable for T. aestivum. As T. aestivum has at least 100 000 protein-coding genes across its A, B and D genomes, prior knowledge of which are likely to be present in a given organ/developmental stage and which will report on the range of genes contributing to a protein family represent a significant benefit; cutting down the time and expense required to conduct high quality measurements of metabolic machinery.
We present large scale proteomic datasets which together form a proteomic map of Triticum aestivum, covering 24 organ and developmental samples. This study has enabled dissection of tissue specific proteomes, correlation of transcript and protein data for different wheat tissues and protein functional classes, and identification of constitutive and differential proteome markers for a variety of applications. The dataset is provided in an extendable web-based application with tools designed to support informed decision making for targeted proteomics. Export of sequence, annotation data and Skyline (MacLean et al., 2010) integration allowing the automated export of experimentally derived transition lists suitable for conducting SRM assays on proteins of interest is provided (http:// wheatproteome.org). Importantly, the database construction is an automated process, allowing the generated data to be searched against subsequent genome sequences and assemblies as our knowledge of the wheat genome continues to be refined.
RESULTS

Spatial and developmental dissection of the wheat proteome
In order to assess the specific proteome profiles of wheat organs, 24 samples ( Figure 1 ) which represent major organs at key developmental stages were selected for analysis by 2D LC/MS. To minimise the influence of biological variation, each of these samples consisted of pools derived from at least three individual plants in organs such as leaves, or greater than 20 plants for samples such as pollen. Samples derived from mature plants (Zadoks (Zadoks et al., 1974) scale 83, early dough) included; stem, node, two immature spikes one partially emerged (named boots), one prior to emergence (immature spike) and total roots from the mature plant ( Figure 1a ). Three leaves were collected from different tillers at a single developmental stage (Zadoks 83) . These were senescing leaves, fully emerged leaves and emerging leaves respectively. Developing grain was collected at three developmental stages from Zadoks stage 70 through 85 ( Figure 1b ) and emerged spikes were subdivided into anthers, pollen, glumes, lemma, palea and rachella. Seedlings harvested 96 h post imbibition (Figure 1c) were divided into root tip (4 mm), root, root vasculature and coleoptile. Mature harvested grain was imbibed and incubated for 24 h before dissecting the embryo, endosperm and pericarp ( Figure 1d ). (Abraham et al., 2013) (63 056) . Our use of Q-TOF rather than TRAP mass spectrometry provides higher resolution, full range MS/MS spectra for each peptide. A summary of the spectra matched and proteins identified through this analysis is displayed alongside each tissue image in Figure 1 .
To generate a list of protein-coding gene loci that these spectra represent we have chosen a conservative strategy; summarising the peptide search results from Comet (Eng et al., 2013) into the simplest list of proteins which explain the observed peptides using the LabKey server (Nelson et al., 2011) implementation of the Transproteomic Pipeline (Deutsch et al., 2010) tools PeptideProphet (Keller et al., 2002) and ProteinProphet. This minimum list comprises 15 779 headliner proteins at 2% protein level FDR. The assignment of spectra to 'most evidence' headliners is unlikely to reflect the reality of protein expression in organisms with genomes as redundant as hexaploid bread wheat. Figure 2 (a) visualizes the complexity of peptide assignment in this genetic background through a tryptic peptide:protein network for an example; the E3 subunit of the mitochondrial pyruvate dehydrogenase complex (PDC) which is a lipoamide dehydrogenase (PDH.E3). This dataset contains 44 high confidence peptides which were uniquely assignable to this PDH.E3 protein family of seven members consisting of two homologs present as three homoeoalleles and one single gene mapped to another chromosome. Of this set, two were uniquely assignable to an individual locus with the others serving as integrators of the abundance of the various members of this protein family. Across the total wheat dataset of 89 754 peptides, one-third of peptides were assignable to a single locus (Figure 2b ) with the next largest population being assignable to three loci, consistent with three copies of most genes being encoded once each on the A, B and D genomes.
To more accurately estimate the numbers of protein species which likely contributed to peptide pools we mapped five INRA/GDEC RNA-seq datasets onto the 100 344 coding sequences in the IWGSC1.0 + popseq 28 database. By examining which loci contributed mRNA into the proteincoding pool within a given organ, we defined which gene loci were transcriptionally active and assigned peptides ubiquitously within this pool. Using this approach across our whole wheat data set we conclude that the peptides observed most likely represent translated products of 46 016 loci.
Classification of wheat organs by their proteome
To further minimise the proteome interpretation problem caused by the high numbers of paralogous genes found in wheat we summarised spectral data by functional rather than genetic identities. A comparison of the ability to assign peptides non-redundantly to loci and functional bins is presented in Figure 2(c) . Approximately 30% of peptides identified could be assigned uniquely to a locus which increased to 98% when assigned to a functional bin. The MapMan ontology is a convenient tool designed specifically for plants which allows the assessment of gene sets for expression and enrichment with similar performance and depth of information to Gene Ontology (GO) terms (Klie and Nikoloski, 2012) . This ontology organises gene annotation information into hierarchical trees of nonredundant bins which describe biological function, and especially metabolism, in detail. We used this hierarchy to compare the normalized spectral count (NSpC) assigned to each of the 1146 MapMan categories identified in our dataset by principal component analysis for a global comparison of the 24 organ and developmental samples (Figure 3a) . The first two principal components explain 69.8% of the variation and plotting them allows the separation of the samples into three categories; (1) photosynthetic organs; (2) non-photosynthetic vegetative and reproductive organs; and (3) grain developmental stages. Plotting principle components one and three separate pollen from the non-photosynthetic vegetative and reproductive organs.
To better understand the major contributors to the variance described by these components we extracted the Eigenvalues for each variable in the first three components and ranked them and also assessed a cluster dendrogram of the data. From these values it was evident that 31 of the top 50 bins belong to the category 'Photosynthesis' and were found to be significantly enriched (Fishers exact, OR 37.7, P < 0.001) in the first principal component whilst the bottom 50 bins showed enrichment of bins for glycolysis (OR 6.35, P = 0.0018) and protein degradation (OR 4, P = 0.026). PC1 accounts for 43% of the variance with carbon source tissues (photosynthetic leaves, bracts) at one end of the range and carbon sink tissues (roots, filling grains) at the other. Hierarchical clustering of the organs in the 1146 bin categories (Figure 3b ) again splits the samples into several major branches with minimum similarities of 0.65. These branches are composed of photosynthetic tissues (leaves, bracts and other green organs), non-photosynthetic, developmental and reproductive organs (pollen, stem, anther, coleoptiles, roots, immature spike), and grain (developmental series, embryo, pericarp, endosperm). These groupings are supported by higher proportions of plastid ribosomal components (bin 29.2.1.1.1.1, OR 6.7, P < 0.001), Calvin cycle (bin 1. P < 0.001), photosystems (bin 1.1, OR 5.8, P < 0.001) and photorespiratory components (bin 1.2, OR 6.3, P < 0.001) in the photosynthetic branch. Higher proportions of cytosolic glycolytic enzymes (bin 4.1, OR 1.3, P < 0.001) and increased proportions of major carbohydrate degradation enzymes (bin 2.2, OR 2.9, P < 0.001) in the grain branch.
The number of times that specific headliner proteins were detected across the 24 organ types and developmental stages sampled in this study shows the set of core cellular functions that are expressed at high levels. These proteins are the essential building blocks upon which additional functions are constructed to create specialized organs and tissues and, pragmatically, for experimenters they represent excellent targets for the normalization of proteomic data. Our analysis showed that 1167 headliner proteins (8%) were observed in more than 80% of samples and of these a set of 380 headliner proteins were detected across all samples. Structural components such as actin and microtubuli subunits featured in this list along with synthetic enzymes of cell wall components. Other structural processes found in all tissues included genome maintenance (histones), lipid metabolism and vesicle transport and formation (clathrin, coatomer). Enzymes involved in carbon metabolism and energy conversion processes accounted for 20% of the ubiquitously expressed proteins; predominantly members of glycolysis downstream of glyceraldehyde phosphate dehydrogenase, the tricarboxylic acid (TCA) cycle and mitochondrial electron transport chain. This reflects the requirement for mitochondrial respiration for energy generation in all cell types. Cellular functions relating to protein (synthesis, degradation, modification, transport) was the largest group observed in this set. Subunits of the cytosolic ribosome featured in the set of constitutive proteins, but not members of either of the organellar ribosomes. Aldolase (Traes_7AL_A5EF0DB63.1) and Translation Elongation Factor EF1B (Traes_7DL_ 1CBD5E967.1) showed the lowest relative standard deviation in our semi-quantitative dataset across all tissues analysed.
In total, 4034 proteins (28%) were only found in one sample type (Figure 3c ), while 2824 were found more than once but only in one of the three groups defined in Figure 3(a, b) . The rate at which unique identifications were discovered varied across the sample sets from 11% in anthers to 1% in palea (Figure 3d ). Other samples which displayed high rates of unique protein identifications, suggesting the presence of specific developmental or metabolic processes, were in the embryo (8.3%), root tips (7.9%), immature spike (7.8%), seedling roots (7.8%) and the pericarp (7.7%).
Fisher's exact tests demonstrate the enrichment in anthers of unique enzymes involved in sucrose and starch degradation (bin 2.2.2, OR 13.8, P < 0.001), notably three plastidial b-amylases and a protein orthologous to the Arabidopsis STARCH EXCESS 1 protein involved in the regulation of starch mobilization. Members of the minor carbohydrate metabolism bin were also enriched (bin 3, OR 5.2, P < 0.001), suggesting the utilization of alternate carbohydrate metabolic enzymes in the energy intense process of pollen maturation and release. Also enriched in proteins only found in the anther were cell wall modifying enzymes-predominantly pectin lyases and an ortholog of VANGUARD 1, a pectin methyl-esterase required for normal pollen tube extension in Arabidopsis. As anthers contain maturing pollen, we conducted an additional analysis combining the unique identifications from anthers and pollen. This group of 426 proteins was highly enriched in unique proteins belonging to pathways involved in energy generation through catabolic reactions -sucrose and starch degradation, the glycolytic enzymes phosphofructokinase and phosphoglycerate mutase, pyruvate decarboxylase, plastid carbonic anhydrases, along with specific members of the mitochondrial electron transport chain.
Proteins unique to the embryo were found to be enriched in RNA processing, RNA regulation of transcription and RNA binding (bins 27.1, 3, 4, OR 2.6, P < 0.001) as well as protein degradation ubiquitin E3 RING and ribosome biogenesis (bins 29.2, 5, OR 6, P < 0.001) proteins. This finding is consistent with the tightly regulated process of early germination (sample collected 24 h post imbibition) in which the protein and RNA content of the cell is radically altered through the breakdown of desiccation and storage proteins to help fuel germination. In this study we identified a total of 15 transcription factors on a protein level including members of the bZIP, C2H2 and C3H zinc finger, MYB domain, SET-domain and Triple-Helix transcription factor families which were unique to the embryo during germination. Other strongly enriched unique groups included lignin biosynthesis (bins 16.2.1, OR 11.2, P < 0.001) in seedling roots. Ubiquitously expressed and tissue specific datasets can be explored online (at wheatproteome.org).
Transcription, chromosomal location, proteogenomic mapping and subcellular location of the wheat proteome
To determine the degree of correlation between transcriptional processes and protein abundance in wheat tissues we compared our peptide dataset with RNA-seq data where datasets were corrected for length of the protein (NSAF) and transcript (FPKM), respectively ( Figure 4a ). This showed a correlation of R = 0.47-0.52 between peptide abundance of the headliner protein and the corresponding transcript abundance, similar to reports in other such comparisons in plants (Baerenfaller et al., 2008) . To link this correlation with functional processes we used the 1146 functional bins defined earlier and showed a substantial increase in the correlation to RNA-seq data (R = 0.62- (Figure 4b ). Control experiments conducted by randomising bin assignments before analysis demonstrate that this effect is principally related to the summing of multiple measurements. In both analyses the correlations in root datasets were higher than those from other tissues. To define if transcription was better correlated with protein abundance within specific functional processes, we measured these broadly across five tissue types and then noted some clear exceptions. Ribosomal and amino acid metabolism showed poorer correlation than the average in tissues (R~0.6), while mitochondrial ETC., stress response and signalling categories had R values of~0.85 (Figure 3c ). Poor correlation of mRNA to protein abundance in ribosomes and high correlations of components of the mitochondrial inner membrane were also noted in the systematic analysis of RNA to protein correlations in human brain tissue by Nesvizhskii and coworkers (Balasubramanian et al., 2009) . To determine the representation in the proteome of peptides that could map to genes represented in the RNA-seq data we looked at the ratio of protein-coding loci with transcript data to those with protein evidence (Figure 4d ). This showed that significant proportion differences exist between functional categories. The functional categories transport, development, signalling, RNA and hormone metabolism were underrepresented in the proteome, while most metabolic processes and major protein machinery was over-represented in the proteomic data compared to the RNA-seq dataset (ztests, P < 0.01).
0.75) in different tissues
The peptides identified map across all 21 chromosomes with a notable depletion in centromeric regions of all chromosomes, presenting the lack of protein encoding genes in these regions. However, we also noted low coverage on 1A, 2A and 4BL in gene rich regions (Figure 5a ). To investigate whether this phenomenon was due to paucity of the proteomic data or underlying genome structure we examined the five RNA-seq data sets. FPKM values were modified by multiplying by kilobases of transcript to give a reads per million mapped count which were overlaid on the protein data. This analysis demonstrated a corresponding lack of transcripts mapped to these regions, suggesting that these gaps are the result of uneven distribution of coding capacity across the chromosomes. Broad coverage by identified peptides shows their potential value as biomarkers for functional expression of wheat genes in mapping processes and also highlight regions of the genome where either low levels of expression, or errors in gene prediction or mapping are preventing the identification of proteins.
Proteogenomics is a useful supplement to transcript and genome sequencing efforts to characterise new genes and translation initiation sites (Alexeev et al., 2012) . In bottom up mass spectrometry, increasing precursor mass accuracy allows tighter control of false discoveries by rejecting identifications where the theoretical mass matches the experimentally observed value less precisely. In searching spectra against genomic and cDNA translations, this property is particularly important as the majority of sequences are unlikely to occur in the sample analysed. We reanalysed a subset of the tissues on a high mass accuracy instrument to interrogate six-frame translations of the IWGSC1.0 cDNA release. In total, 438 transcripts were identified as potentially incorrect or have proteins encoded which were in addition to the IWGSC call of protein-coding genes on the basis that at least five peptides of different sequence mapped to a transcript with the majority being found in a frame other than the IWGSC call. To categorize these transcripts a decision tree was formulated which used the directionality, presence of nucleotide calling errors in the transcript and BLAST results from the new frame. Interestingly, 134 of these transcripts contained sequencing errors resulting in frame shifts, 102 were excluded from further analysis on the basis that the new frame was located on the reverse strand and we were unable to exclude the possibility that they were derived from an overlapping gene. The remaining 202 open reading frames were categorized on the basis of the percentage coverage of their closest ortholog; 65 transcripts with > 65% were classed as potential new genes/paralogs, 24 with between 50 and 65% were classed as low coverage and those with less than 50% were classified either as expressed fragments where unique peptides were present (31) or insufficient evidence where there were not (69). One-third of the new protein-coding loci were found on 1A, 2A and 4BL. A summary of these findings can be found in Table S1 .
By matching wheat proteins to their nearest homologs in Arabidopsis, we could use consensus classifiers of subcellular location from Arabidopsis (Hooper et al., 2014) to assess the likely distribution of the wheat proteome within the cell (Figure 5b ). This analysis shows the dominance of plastid and peroxisomal proteomes in the photosynthetic tissues, high mitochondrial abundance in male reproductive tissues and the highest proportion of ER and Golgi apparatus components in the non-photosynthetic tissues and grain development series. Somewhat unexpectedly, the extracellular secreted proteomes were at their highest proportion in the grain development series and the male reproductive tissues, pollen and anther.
Correlations between protein functional bins
The peptide counts for 1146 function bin categories across 24 tissues enabled correlations between any two functional bins to be calculated that could indicate constraint or counter-acting factors that affect the expression of the wheat proteome. These could indicate linkages between biochemical pathways, functional or physical constraints, metabolic pool resource limitations or incompatible product formation. We calculated Kendall ranked correlation coefficients of summed peptide counts between 1146 bin categories and showed that~21 000 (R > 0.5) significant positive and~5000 (R < À0.5) significant negative correlations exist which represent 1.6 and 0.4% of the correlation coefficients, respectively. The correlation matrix shows the expected broad correlation between photosynthetic and other plastid functional bins (Figure S1a) , also evident from Figure 3 , as well as correlation of plastid functions with the eukaryotic ribosome, protein degradation machinery and some aspects of secondary metabolism (Figure S1a-e; wheatproteome.org). However, we also observed negative correlations in protein abundance that indicate previously unknown factors constraining the proteome. For example, the plastid ribosome abundance showed clear negative correlations with sucrose degradation and oxidative pentose phosphate pathways which were not shared with plastid photosynthetic functions, while the photosynthetic functions negatively correlated with inositol polyphosphate kinases and specific classes of tRNA ligases ( Figure S1b, c) . There was specific negative correlation between isocitrate dehydrogenase and 2-oxoglutarate dehydrogenases in the TCA cycle with the plastid ribosomal, photosynthesis and tetrapyrrole functional bins ( Figure S1f ). This may indicate competition between the anaplerotic release of isocitrate and 2-oxoglutarate for nitrogen assimilation that is driven by plastid functions and plastid demand for protein synthesis, and the oxidation of these products by the TCA cycle to drive respiratory CO 2 release. There are also negative correlations between glycolysis and fermentation with multiple secondary metabolism pathways (carotenoid, melanovate and tetrapyrrole pathways) ( Figure S1e ). Beyond metabolism there were unexpected negative correlations between specific classes of peroxiredoxin and thioredoxin, transcription factor classes and signalling calcium and signalling G protein bins with photosynthetic functions ( Figure S1d ). Beyond the general relationships observed between photosynthetic machinery, most of these correlations could not be identified in wheat transcript profile correlations. Further exploration of these protein abundance relationships are enable through the correlation matrix (wheatproteome.org). 
Targeted quantitative analysis of wheat proteome components
Having generated a library of MS/MS spectra in wheat, we then used it to select optimal ions for SRM assays in a triple quadrupole mass spectrometer. The Skyline targeted proteomics environment was used to select the four most abundant ions for each of the peptides associated with proteins assigned to the functional category bins for photosynthesis, major and minor carbohydrate metabolism, nitrogen metabolism and glycolysis/gluconeogenesis. This screening process considered 1726 enzymes through a set of 7419 precursors by monitoring 28 769 product ions over the course of 340 h of LC/MS analysis. These potential SRM transitions were experimentally tested in unfractionated mature leaf samples and screened manually for the requirement that co-elution of all four transition ions was detected. This refining process has resulted in the development of 678 peptide assays which correspond to 1454 loci. The availability of these assays for enzymes involved in central metabolism is visualized in Figure S2 through a whole cell flux balance network as well as in an interactive Cytoscape-based network online through wheatproteome.org.
As a proof of concept we have used these SRM transitions to follow the change in metabolic processes in three leaf developmental stages and to verify the best quantitative markers of these processes. Figure 6 shows SRM data for 32 peptides from this wider analysis which all exhibit highly reproducible quantitative differences between young leaves, mature flag leaves and senescent leaves (ttests, P < 0.05). Each peptide maps to multiple loci with different mRNA expression patterns in wheat and thus the peptide abundance data are an integrator of the expression of a protein family, generating abundance information at a functional process level in wheat leaves. Five peptides selected were most abundant in young leaves; all are key enzymes in the establishment of photosynthesis. Two of these were peptides from the ATP synthase required for photophosphorylation to drive ATP-dependent steps in photosynthesis and these dropped to 60% of their initial abundance in mature and senescent leaves (Figure 6 ). The other three were peptides for the early steps of chlorophyll synthesis (the formation of delta-aminolevulinate from glutamate 1-semialdehyde (GSA) by GSA aminotransferase and the deamination of porphobilinogen (PB) by PB deaminase) that decreased by 40 and 70% in abundance in flag and senescent leaves, respectively. Twelve selections were peptides that were highest in abundance in mature flag leaves, and these presented key features of central metabolic processes: Calvin cycle for CO 2 assimilation (Rubisco, GAP and FBPase); peroxisomal glyoxylate aminotransferase for photorespiratory recovery of products from the Rubsico oxygenation reaction in C3 plants; and ATP synthase for mitochondrial ATP production that is critical for sugar synthesis and export from source leaves (Kr€ omer and Heldt, 1991) . These proteins increased in abundance by 50% as flag leaves mature but then more than halved again in abundance as leaves began to senesce. Seven peptides had constant abundance in young and mature flag leaves and only declined as senescence began; these were peptides for methionine synthesis, the Calvin cycle and glycolytic isoforms of aldolase, and UDP-glucose pyrophosphorylase that is critical for sucrose synthesis in the flag leaf as a carbon source tissue (Kleczkowski et al., 2004) . Finally, a set of eight peptides specifically marked senescent flag leaves and showed two-to six-fold induction of enzymes for methionine degradation, fermentation, organic acid interconversion, H 2 O 2 metabolism by catalase and vacuolar pyrophosphatase. Acidic pyrophosphatase activity has been demonstrated to increase during leaf detachment induced senescence during leaf developmental senescence (Mishra et al., 1973) and in response to senescence inducing hormone treatments (Ray and Choudhuri, 1980) . The other increases are consistent with various reports to be interlinked with amino acid catabolism, oxidative processes and signalling, and translocation of key commodities out of senescent leaves and are consistent with trends from transcriptomics (Gregersen and Holm, 2007) .
Database structure and web interface for T. aestivum proteome presentation
The T. aestivum genome sequencing project is currently in transition from a chromosome assembled draft sequence to a completed reference sequence. Although gene models are likely to remain fairly static, reorganisation of chromosome arms and incorporation of currently scaffolded genetic material into a reference sequence is forecast. In order to accommodate future genome releases into our analysis we have constructed a wheat proteome database (http://wheatproteome.org) that is generated in an automated fashion, capable of retrieving new genome releases, adding annotation data, searching spectra and parsing the relevant data into a series of SQL tables with minimal intervention.
This database offers a number of selection mechanisms designed to allow researchers to define subsets of wheat proteome through annotation, targeted assay availability, orthology, biochemical pathway, peptide sequence, protein observation, transcript observation, and IWGSC accession. Having defined a subset of the wheat proteome researchers can view MS/MS spectra derived from selected proteins, determine which samples transcripts, proteins and peptides were detected in, examine the specificity within the proteome of tryptic peptides and view selections in the context of whole cell metabolism. Data can be exported in the form of Skyline defined transition lists based on the experimental spectra and raw spectral counts by sample with associated annotation information (Tutorial S1). The website also provides access to lists of tissue and ubiquitously expressed proteins and the Kendall ranked correlation matrix for protein abundance between functional bins.
DISCUSSION
The T. aestivum draft genome offers new approaches to the targeted improvement of this important food crop. Through the construction of a draft proteomic map and development of the associated web application we present new proteome scale information which includes; best estimates of which wheat paralogs are accumulated as proteins in which organs, details of which redundant wheat peptides are exclusive to a group of paralogs rather than derived from unrelated proteins, hierarchical functional annotation of identifiable wheat proteins and details of MS/MS peptide spectra. This work constitutes an informational framework for conducting and analysing proteomic experiments in this challenging genetic background.
Bottom up proteomics in wheat faces an in principle assignment problem engendered by the high numbers of paralogous genes in its hexaploid genome. In a best case scenario using highly fractionated samples, we found that 30% of the peptides identified by MS were specific to one loci (Figure 2c ). But in unfractionated samples which are most amenable to high throughput, label free quantitation, to focus on loci specific peptides in wheat is likely to ignore at least 70% and maybe up to 90% of the observable proteome. To consider the impact from a specific example, the 60S subunit of the cytosolic ribosome consists of 42 protein subunits encoded at 173 loci (four-fold redundancy) in Arabidopsis, and 10 subunits are only observable by MS through redundant peptides (Carroll et al., 2007) . In T. aestivum, orthologous proteins are encoded at 487 loci (12-fold). As a result, 280 of these proteins do not have unique tryptic peptides. Instead of focusing on loci specific peptides we have thus sought to use redundant wheat peptides and assess the proteome through their two main virtues rather than their limitations. Firstly, redundant peptides that are present in most or all members of a protein family are integrators of abundance and thus are more closely tied to overall functional capacity than is the product of a single loci. This also means there is a smaller chance of functional redundancy breaking the link between changes in protein abundance and change in molecular or physiological phenotype. Secondly, the greater abundance of redundant peptides means they are more likely to be observed in data independent MS experiments in cases of lower abundant classes of proteins, providing abundance information on a wider set of protein families and experimental targets for development of SRM assays. We consider this strategy and the two virtues of redundantly mapped peptides explained above will be of value in efforts to map proteomes of the many polyploid plants of interest for which draft genome sequences now exist such as; tetraploid cotton (Gossypium hirsutum) (Li et al., 2015) , hexaploid kiwifruit (Actinidia chinensis) (Huang et al., 2013) and octoploid strawberries (Fragaria 9 ananassa) (Hirakawa et al., 2014) .
This functional bin approach we outline now allows a more nuanced view in wheat of the often cited problem of poor correlation between RNA and protein abundance data [reviewed in (Maier et al., 2009) ]. We show that while the strength of the correlation on a loci by loci basis in wheat is similar to other organisms and is similar in a range of wheat tissues (Figure 4a) , the correlation can be greatly improved by considering RNA and protein evidence by summing to functional categories (Figure 4b ). This can also be improved further through our evidence that specific functional categories have intrinsically high or low correlations between RNA and protein levels across tissues (Figure 4c ). This means that the predicted correlation of the accumulating RNA-seq data from other wheat studies (Borrill et al., 2016) with changes in protein, and therefore function, can be viewed with reference to functional category specific correlations. Such whole functional category analysis of gene expression in light of these functional class correlations will aid the link of transcript analysis with phenotypes in wheat.
The list of protein abundances linked to functional bins will also provide constraints in whole cell metabolic models of cellular function and enable tailored models to represent the flux behaviour in specific cell types in wheat. These types of approaches are being taken to tackle the current challenges in using plants as factories for bioenergy and nutraceuticals that require predesigned and efficient strategies for metabolic engineering (Nikoloski et al., 2015) . Such constraint-based modeling analysis has been used in several plant metabolic models to date to simulate day and night (Cheung et al., 2014) , bundle sheath vs mesophyll cells in C4 plant leaves (de Oliveira Dal'Molin et al., 2010; Gomes Oliveira Dal'Molin et al., 2015) and in 8 tissue types in Arabidopsis (Mintz-Oron et al., 2012) . However, because we have quantitative data on 24 tissue types in wheat, we could move beyond just abundance differences to measuring the correlation between abundances in any two functional bins. These indicate an underlying constraint or counter-acting factor in the accumulation of components of the wheat proteome. Such correlations can act as a second level of constraint on mathematical models by actively constraining the relationship between pathway fluxes in finding model solutions using the relationships that are hard-wired behind the developmental patterns of tissues and their final steady-state proteomes. These overarching factors could reflect physical constraints associated with subcellular compartmentation, metabolic pool resource constraints or incompatible product formation.
The proteogenomic aspect of this study contributes evidence for hundreds of 'new' proteins, many of which are apparently highly expressed and, on the basis of orthology, may have important roles in processes including pathogen defence, signalling, photosynthesis, plant structure and secondary metabolite synthesis. Proteins with defence roles include a homolog to the Arabidopsis protein actin depolymerizing factor 4, which has been implicated in the perception and initiation of responses to Pseudomonas syringae infection (Porter et al., 2012) and a homolog of pathogenesis-related protein 1 family which have been implicated in a variety of roles including fungal defence (Van Loon and Van Strien, 1999) . We also identified several proteins with homology to the bacterial universal stress protein domain, a highly conserved family of proteins of largely unknown function which play a major role in successful adaptation to stressful conditions such as heat shock in both bacteria (Kvint et al., 2003) and plants (Jung et al., 2015) . The genetic context in which the high confidence discoveries occur are split between additional open reading frames in transcripts which also show expression of the IWGSC frame call and those which only display protein-level expression of the new frame. Whilst our analysis required new frames to show higher peptide counts than the IWGSC frame, more open reading frames encoding proteins are likely to exist which do not meet these criteria. As more wheat proteomic datasets become available we believe this approach will continue to prove its utility in both confirming and refining gene models.
The development of the wheat Target Induced Local Lesions In Genome (TILLING) project based on the tetraploid wheat Triticum turgidum will soon provide lines with mutation of 10 000 of protein-coding regions in 1000 EMS mutagenized individuals (http://dubcovskylab.ucdavis.edu/ wheat-tilling). Analysis changes in the abundance of the targeted proteins in these lines, and backcrossed single mutation populations, will require extensive analysis of selected protein features. There is a clear opportunity for building SRMs to undertake this analysis using the data provided here. This will provide researchers with clarity that new wheat knockout and knockdown lines from these populations have quantified changes in protein abundance. Nearly seven hundred manually curated targeted proteomic assays for use on triple quadrupole mass spectrometers covering the enzymes of photosynthesis, glycolysis/gluconeogenesis, major, minor carbohydrate metabolism and nitrogen fixation are now publically available through wheatproteome.org. The database also provides the core MS/MS data required to generate SRM assays for thousands of other proteins.
The combination of protein family analysis through integrative redundant peptides that are common to all family members, the development of SRM assays for major molecular processes in wheat metabolism and macromolecular biosynthesis, and the opportunity of complementary genetic resources to study the impact of their loss on wheat function, will enable refined engineering of metabolic capacity in source and sink tissues in wheat to drive yield improvements.
EXPERIMENTAL PROCEDURES
Plant growth
Triticum aestivum cv. Wyalkatchem was grown under both controlled and field conditions. Field grown plants were collected during the 2012 growing season from a field trial site near the township of Merridin, Western Australia. Controlled conditions were photon flux of 450 lmol m À2 sec À1 on 15 h light, 9 h dark cycle, 24.5°C, 60% humidity. Plants were grown in a supported hydroponic system according to Munns and James (2003) 
Sample preparation
Here, 200 mg of snap frozen tissue was ground under liquid nitrogen before extraction in 400 ll of 125 mM Tris-HCl pH 7.5, 7% (w/ v) sodium dodecyl sulfate, 10% (v/v) b-mercaptoethanol, 0.5% (w/ v) PVP40 with Roche protease inhibitor cocktail (Roche) added at 1 tablet per 50 ml of extraction buffer. Protein extraction was carried out by chloroform/methanol extraction (Wessel and Fl€ ugge, 1984) before washing the pellet twice in 80% (v/v) acetone. Samples were resolubilized in 1% (w/v) sodium dodecyl sulfate, 20 mM ammonium bicarbonate before quantification by amido black (Schaffner and Weissmann, 1973) . 400 lg of protein was treated with 20 mM DL-dithiothreitol for 20 min followed by 25 mM iodoacetamide for 30 min in the dark. Samples were diluted to 0.1% (v/v) sodium dodecyl sulfate before overnight digestion with 20 lg trypsin (Invitrogen, Carlsbad, CA, USA). Sodium dodecylsulfate removal and concatenated, high ph, reversed-phase fractionation (Yang et al., 2012) was performed off-line on an Agilent 1200 series HPLC configured with two J4SDS-2 guard columns (PolyLC) and an XBridge ™ C18 3.5 lm, 4.6 9 250 mm column (Waters). Peptides were loaded onto the C18 column in 5% (v/v) acetonitrile/ 10 mM ammonium formiate pH 10/NH 4 OH before fractionation by 5-60% (v/v) acetonitrile gradient at 0.5 ml min À1 in 1 min windows over 96 min in a 96-deep well plate. The first and last 12 fractions were discarded before concatenating the columns of the plate to result in 12 fractions which were dried down in a vacuum centrifuge, filtered through 0.22-lm centrifugal filter units before MS analysis. mode with a 125 msec survey scan from 300-1750 mz followed by selection of the eight most abundant doubly or triply charged ions for MS/MS analysis acquired at a rate of four per second. Ions were dynamically excluded for 6 sec.
Spectral matching
The collected data (*.d files) were converted into mzXML format with MSConvert release 2_2_2899 and introduced into the LabKey server v15.1 implementation of the Trans-Proteomic Pipeline version 4.6 OCCUPY rev 3, Build 201307241109 (Deutsch et al., 2010) . A protein database containing the protein sequences from the IWGSC1.0 + popseq PGSB/MIPS (Mayer et al., 2014; Chapman et al., 2015) version 2.2 annotation (100344 sequences) plus reversed decoys was used to conduct a comparison of Mascot version 2.5.1 (Perkins et al., 1999) , X!Tandem version JACKHAMMER (Craig and Beavis, 2004) , Comet version 2014.01 rev. 0 (Eng et al., 2013) and the combination of their results after specifying a protein level 2% FDR. Results generated by Mascot and X!Tandem were found to be subsets of the Comet identification list. Given the increased time and complexity of combining the results of multiple search engines across hundreds of LCMS runs, Comet alone was used in subsequent analyses. The LabKey server MS/MS pipeline was run with default trypsin digest rules and variable mass modifications for oxidised methionine and carbamidomethyl cysteine residues. Parent ion tolerance was set at AE 100 ppm, fragment masses AE 0.5 Da. We elected to set a spectrum level FDR as the most appropriate control of data quality for the following reasons: 1 Spectral counts are predominantly aggregated by functional bin rather than protein identifier, so the impact of singleton peptide false discoveries on the dataset is thus smaller. 2 Where appropriate we have controlled protein identifications through the implementation of a protein level FDR. 3 Spectrum level FDR ensures the data for downstream use has a defined integrity for targeted SRM assay development.
Data are available via ProteomeXchange with identifier PXD004720; 'Mapping the Triticum aestivum proteome'.
Proteogenomics
Nine samples (Zadoks 70 , seed coat, root tips, lemma, immature spike, flag leaf, endosperm, coleoptile and anther) were reanalysed by LCMS on an Orbitrap Fusion (Thermo Fisher Scientific, Melbourne, Vic., Australia) mass spectrometer with each sample being analysed over the course of 2 h 3-35% (v/v) acetonitrile gradients in 0.1% (v/v) formic acid using a Dionex UltiMate 3000 uHPLC with a New Objective 250 mm PicoFrit column (Dr Maisch Reprosil-PUR 1.9 lm C18). Spectra were searched against sixframe translations created using BBTools version 36.02 of the IWGSC1.0 + popseq PGSB/MIPS (Mayer et al., 2014; Chapman et al., 2015) version 2.2 cDNA database with CometUI (Eng et al., 2013) using a precursor error tolerance of AE5 ppm and search results qualified by introduction to the Trans-Proteomic Pipeline as above. Data are available via ProteomeXchange with identifier PXD004720; 'Mapping the Triticum aestivum proteome'.
Data analysis
Arabidopsis orthologs present in Ensembl Biomart were transferred when available or protein sequences were BLAST searched to identify the closest ortholog for each wheat protein. Additional metabolic annotation information was acquired from the MapMan website before the initiating fasta file was transferred to a LabKey server instance which runs the peptide and protein identification features of the TransProteomic Pipeline (TPP) before data import scripts extracted and stored matched spectra, peptide assignments, MS1 scans and protein match information into a SQL database. False discovery rates were estimated through the inclusion of reversed decoys in the database searches on both spectral match and protein headliner levels.
SRM analysis
Samples for SRM analysis were prepared as above with the exception that a 4.6 9 20 mm XBridge ™ C18 3.5-lm guard cartridge was used in place of the 250-mm separation column. Samples were introduced to the column in 5% (v/v) acetonitrile/0.1% (v/v) formic acid and washed for 2 min at 2 ml min À1 before elution in a 60% (v/v) acetonitrile/0.1% (v/v) formic acid step. SRM analysis was conducted by online nanoflow HPLC-chip ESI coupled to an Agilent 6490 triple quadrupole mass spectrometer. Gradients were formed by a 1200 series Agilent nano pump 5-35% (v/ v) acetonitrile over 30 min with a maximum of 120 transitions monitored concurrently. Data analysis was conducted using the Skyline targeted proteomics environment to identify co-eluting peaks.
Transcript mapping
Five publicly available quality and adapter trimmed RNA-seq datasets were selected from the INRA GDEC repository (wheat-urgi. versailles.inra.fr/Seq-Repository) to correlate developmentally with the leaf, root, spike, stem and grain samples analysed here. Indexes were built with bowtie2-build version 2.2.6 using the IWGSC1.0 + popseq.28 genomic dna release and reads mapped using the tophat.py and reads per transcript counted (in FPKM) using the cuffdiff program.
Correlation analysis
Sample NSpCs were summed by mapcave functional bins and Kendall ranked correlation coefficients calculated pairwise using the cor package in R project release 3.3.1. Figure S2 . Enzymes with SRM assays available through wheatproteome.org visualized on the Aragem whole cell metabolic model by orthology. Table S1 . Proteogenomic analysis identifying new protein-coding open reading frames in wheat. Tutorial S1. A tutorial for the use of wheatproteome.org
